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Abstract
Ports are critical gateways for trade and regional growth but also generate substantial exter-
nalities such as emissions, congestion, and safety risks. Growing maritime transport and
port throughput intensify long-haul diesel truck traffic on hinterland access roads, causing
peak-hour bottlenecks, long queues, and higher environmental impacts. Despite many pro-
posed operational strategies, these challenges remain insufficiently addressed. This paper
develops a mixed-integer linear programming (MILP) model for sustainable port-hinterland
truck scheduling within an integrated chassis-based remote gate (CRG) and battery-electric
trucks (BET) framework for short-haul transport. Using a major UK port case study with
real traffic data, the model minimizes total logistics costs, including fixed investments,
transport, waiting and idling times for short- and long-haul trucks, and CO2 emissions.
To handle large-scale instances, a two-stage adaptive genetic algorithm (TS-AGA) is pro-
posed and benchmarked against the MILP and a two-stage simulated annealing approach.
Collaborative and non-collaborative scheduling strategies are compared to assess the ben-
efits of coordinated decision-making. Results show that collaborative scheduling reduces
total system costs by about 13.6% by better synchronizing long-haul diesel truck arrivals
with short-haul battery-electric truck operations. Sensitivity analysis further examines how
long-haul travel-time uncertainty affects congestion and economic performance. Overall,
the proposed MILP model and TS-AGA solution approach demonstrate that coordinated
truck scheduling can substantially improve the operational efficiency and sustainability of
CRG-BET-based port-hinterland systems. By jointly optimizing long-haul and short-haul
operations under collaborative and uncertainty-aware strategies, the study offers a practical
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and scalable scheduling methodology to reduce logistics costs, congestion, and emissions
while supporting sustainable port-city connectivity.

Keywords Port-city logistics · Port congestion · Emission · Remote gate · Optimization ·
Truck scheduling

1 Introduction

Ports serve as key economic hubs by connecting maritime shipping with inland transporta-
tion networks (Aregall et al., 2018). Within transport and logistics systems, port-hinterland
transport contributes significantly to negative externalities, including greenhouse gas (GHG)
emissions, air pollution, traffic congestion, and accidents. Despite these challenges, road
transport remains the dominant mode for hinterland freight movements, even though it
performs poorly in terms of environmental sustainability (Guo et al., 2023). From a cost
perspective, inland operations account for 40–80%of total container transport expenses (Not-
teboom and Rodrigue, 2005). With the advent of larger vessels and increasing economies of
scale in maritime shipping, these inland transport costs often exceed maritime transport costs
(Bouchery et al., 2020).

The negative externalities associated with port-hinterland operations are further exacer-
bated when ports are located within or near urban areas, commonly referred to as port cities
(Schulte et al., 2017). In such settings, opportunities for physical expansion are often lim-
ited despite growing throughput demands due to land scarcity. Furthermore, existing road
infrastructure is frequently unable to accommodate the high volume of truck traffic, partic-
ularly during peak periods. As a result, access roads to and from port cities often become
congested, disrupting the efficient pickup and delivery of containers. This can undermine
the operational performance of the port-hinterland system and intensify traffic congestion
and emissions in surrounding areas, attracting increasing attention from both the public and
government authorities.

Over the past two decades, numerous operational strategies have been proposed to mit-
igate port congestion and improve terminal performance. These include truck appointment
systems, collaborative truck scheduling, yard automation, chassis exchange terminals, and
infrastructure expansion. Although these approaches have improved gate operations and
reduced truck turnaround times, they primarily optimize activities within the port boundary
and pay limited attention to congestion, emissions, and traffic generated by diesel trucks
traveling through surrounding urban areas. Consequently, many emerging port-city logistics
challenges remain insufficiently addressed.

Inland facilities such as extended gates, inland terminals, and dry ports have emerged as
alternative solutions to these challenges, supporting sustainable port-hinterland connectivity,
particularly in port cities, by shifting a significant share or even the entirety of short- and
long-haul container movements from road to rail (Roso et al., 2009). However, road transport
nevertheless remains the dominant mode, accounting for approximately 78% of total hinter-
land freight transport (Uic, 2024). Consequently, optimization approaches that rely primarily
on modal shift are less applicable in regions where road transport remains the dominant
freight mode. This highlights the need for sustainable road-based logistics solutions that
improve port-city connectivity without requiring major rail infrastructure investment.

To address the limitations of conventional inland terminals in road-dominated freight
networks, Mokhtari-Moghadam et al. (2025) proposed the integrated chassis-based remote
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gate with battery-electric trucks (CRG-BET), a network-oriented framework that relocates
long-haul diesel trucks to a remote gate outside the urban area while employing battery-
electric trucks for short-haul container transport between the remote gate and the seaport.
Compared with rail-based dry ports, the framework requires lower infrastructure investment
and better exploits existing road networkswhile substantially reducing emissions, congestion,
and truck turnaround times.

Despite its promising performance, the CRG-BET framework leaves several important
operational challenges unresolved. First, long-haul truck arrivals are treated as exogenous
and follow temporal patterns similar to those observed in conventional systems, rather than
being integrated into an optimized scheduling framework. Second, the interaction between
long-haul internal combustion engine (ICE) truck arrivals and short-haul battery-electric
truck operations requires coordinated scheduling decisions to effectively balance port and
remote-gate operations, which has not yet been investigated. Third, previous studies assume
fixed handling capacities at both the seaport and the remote gate, overlooking substantial
temporal variations caused by quay-side operational priorities and unexpected disruptions.
Consequently, the operational potential of the CRG-BET framework under realistic and
dynamic port conditions remains largely unexplored.

To address these limitations, this paper develops a sustainability-aware optimization
framework for the port-hinterland truck scheduling problem (PHTSP). Unlike previous
studies, the proposed framework jointly optimizes long-haul ICE truck scheduling and
battery-electric shuttle truck operations and evaluates the impacts of collaborative and non-
collaborative scheduling strategies under time-varying handling capacities at both the port
and the remote gate. AMILP model is formulated to determine optimal scheduling decisions
while evaluating the operational and economic performance of the CRG-BET system in terms
of logistics costs, congestion, and emissions. To solve large-scale real-world instances, the
MILP model is complemented by a tailored TS-AGA, and sensitivity analyses are conducted
to investigate the impacts of travel-time uncertainty on system performance.

The main contributions of this research are as follows:
(1) Integrated truck scheduling optimization framework: This study develops an optimiza-

tion framework for CRG-BET-based port-hinterland logistics that jointly determines
long-haul ICE truck schedules and battery-electric shuttle truck operations. Unlike exist-
ing truck scheduling and remote-gate studies, the proposed framework integrates port,
remote-gate, and hinterland operations within a unified scheduling model.

(2) Realistic operational modeling of port-city logistics: A sustainability-awareMILPmodel
is formulated for the PHTSP by incorporating real-world operational characteristics,
including time-varying handling capacities at the seaport and remote gate and observed
long-haul truck arrival patterns. The model minimizes the total system cost, which inte-
grates transportation, operational, queuing, parking, emission, land rental, and chassis
hiring costs.

(3) Scalable optimization methodology: A problem-specific TS-AGA is developed that
hierarchically optimizes fleet composition and truck scheduling using customized chro-
mosome encoding, adaptive search operators, and problem-specific feasibility evaluation,
enabling efficient solution of large-scale PHTSP instances beyond the practical capability
of exact optimization.

(4) Evaluation of coordinated scheduling and uncertainty impacts: The proposed framework
evaluates the benefits of coordinated scheduling compared with independent truck opera-
tions and investigates the influence of long-haul travel-time deviations on logistics costs,
truckwaiting and idling times, congestion, and emissionswithin the port-CRG-hinterland
system.
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(5) Managerial and policy insights: The findings provide practical recommendations for port
authorities, logistics operators, and policymakers regarding the implementation of CRG-
BET systems and coordinated scheduling strategies to improve port-city connectivity,
reduce freight-related externalities, and enhance sustainable logistics performance.

The remainder of this study is structured as follows: Section 2 reviews the relevant lit-
erature and identifies the research gaps. Section 3 describes the problem and presents the
mathematical formulation. Section 4 details the proposed evolutionary algorithm. Section 5
presents the computational results and analysis, including sensitivity analyses and manage-
rial insights. Finally, Section 6 concludes the paper with final remarks and future research
directions.

2 Related work and research gaps

This section reviews the existing literature on sustainable port-hinterland logistics, focusing
on three main research streams: (i) network-oriented strategies for improving port-city con-
nectivity, including inland terminals, dry ports, and remote gate concepts; (ii) truck scheduling
and collaboration strategies for mitigating port congestion and reducing transport-related
externalities; and (iii) optimization approaches for improving the operational efficiency and
sustainability of port-hinterland systems. Based on this review, the key research gapsmotivat-
ing the proposed CRG-BET-based port-hinterland truck scheduling optimization framework
are identified.

2.1 Port-city freight transport and hinterland connectivity

In recent decades, inland intermodal terminals have become increasingly important for alle-
viating congestion at seaports while improving port-hinterland connectivity. In this study, the
term inland intermodal terminal is used broadly to encompass a range of land-based facili-
ties discussed in the literature, including dry ports, inland ports, satellite terminals, extended
gates, and other inland logistics nodes whose specific roles and spatial configurations vary
across applications. Fundamentally, these facilities act as connection pointswithin intermodal
transport systems, enabling the sequential use of multiple transport modes, most commonly
road-rail, road-waterway, and road-rail-road combinations (Dong et al., 2020).

Although the dry port concept originated in a report by Unctad (1982) and was subse-
quently implemented in practice (Rodrigue et al., 2010; Roso et al., 2009), its theoretical
development and systematic investigation have largely emerged over the past two decades.
Roso (2007) evaluated the feasibility of dry ports from an environmental perspective, esti-
mating that implementing a dry port could reduce CO2 emissions by 25%while significantly
decreasing truck waiting times and port congestion. Roso et al. (2009) further introduced the
dry port concept as a sustainable strategy to enhance port-hinterland connectivity, emphasiz-
ing the use of high-capacity transport modes such as rail to link inland dry ports with seaports
and thereby alleviate congestion in port cities. The important role of inland terminals in port-
hinterland logistics was also explored by Rodrigue and Notteboom (2009). Later, Rodrigue
et al. (2010) defined inland ports as intermodal logistics hubs primarily engaged in container
handling and value-added logistics activities, connected to seaports through high-capacity
transport corridors, preferably by rail or barge. Such integration supports economies of scale
in inland distribution while improving the efficiency of port-hinterland freight transport.

The integration of supply chains and transport networks through the extension of seaport
terminal operations to inland locations was examined by Veenstra et al. (2012), who dis-
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cussed the relationship between the extended gate and dry port concepts. They emphasized
that properly implemented extended gates can foster modal shift, enhance logistics efficiency,
and promote regional development. Beyond their traditional role as hinterland extensions of
seaports, Wiegmans et al. (2020) argued that inland ports are increasingly evolving into
strategic logistics hubs that proactively influence freight flows and regional hinterland devel-
opment. The effectiveness of inland terminals also depends on the transport modes used to
connect themwith seaports. For example, Afiatno et al. (2025) evaluated truck, rail, and barge
transport for container movements via dry ports using a multi-criteria framework considering
transportation cost, transit time, and intermodal connectivity. Their results indicate that the
preferred transport mode depends on shipment size, with barges offering the lowest cost for
single-TEU shipments, trucks remaining competitive for smaller volumes, and rail providing
the shortest transit times.

While most studies have focused on rail- or barge-based inland terminals, Mokhtari-
Moghadam et al. (2025) proposed an alternative approach to improving sustainable port-city
connectivity based on unimodal road transport, which is particularly suitable for countries
with road-dominated freight logistics networks. Their network-oriented framework intro-
duces a CRG located on the outskirts of the city, where long-haul ICE trucks arriving from
inland nodes, including inland terminals, are redirected to the CRG rather than entering the
seaport. Battery electric trucks are then deployed to transport containers between the seaport
and the CRG. Using a systematic analysis, the authors examined how the balance and imbal-
ance between port and hinterland truck-handling capacities affect key performance metrics,
including total cost, CO2 emissions, port congestion, congestion on port-access roads, and
traffic density. Their findings highlight the importance of coordinated port-hinterland connec-
tivity, demonstrating that the proposed CRG-BET framework outperforms the conventional
system by reducing negative externalities at the port and along port-access roads while also
lowering total costs under port and hinterland capacity constraints.

2.2 Collaborative and sustainable truck scheduling

Unlike network-oriented strategies that aim to alleviate port gate congestion and enhance
sustainable port-hinterland connectivity by reducing the negative externalities associated
with ICE trucks, another stream of research focuses on the seaport as the primary bottleneck
and investigates operational strategies to improve terminal efficiency. This line of research
mainly addresses congestion arising fromuncertain external truck arrivals, particularly during
peak periods.

To improve truck flow management and mitigate gate congestion, several ports, most
notably the Ports of Los Angeles and Long Beach, were among the first to implement truck
appointment systems (TAS). TAS aims to distribute truck arrivals more evenly by shifting
peak-time demand to off-peak periods while considering yard capacity constraints. Effective
management of truck arrivals can reduce truck turnaround time (TTT) and consequently
improve container terminal performance (Huynh et al., 2005). Guan et al. (2009) highlighted
the importance of TAS and its benefits for multiple stakeholders by developing a multi-server
queuingmodel to analyse port congestion and truckwaiting-time costs. Beyond reducing gate
congestion, Zhao and Goodchild (2010) and van Asperen et al. (2013) investigated the role
of advance information on truck arrival times in minimizing container rehandling operations
within the yard and improving the efficiency of yard crane operations.

Although TAS provides benefits for both port authorities and trucking companies (TCs),
mandatory appointment systems may not always be attractive to TCs, as they can reduce
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truck utilization and increase operational costs (Azab et al., 2020). To improve stakeholder
participation, Phan andKim (2015) proposed a negotiation framework between TCs and con-
tainer terminals to determine mutually acceptable truck arrival windows, thereby minimizing
deviations from preferred schedules and reducing gate waiting times. To further improve the
estimation of truck waiting times and TTT, (Azab et al., 2020) developed a simulation-based
optimization model.

In addition to congestion reduction, recent studies have extended TAS to address broader
operational objectives. Caballini et al. (2020) proposed a clustering-based approach to match
import and export containers, thereby reducing empty truck movements while minimiz-
ing deviations between truck schedules and designated appointment windows. Similarly, da
Silva et al. (2023) developed a flexible TAS using a machine learning and simulation-based
approach that enables dynamic rescheduling of truck appointments based on predicted gate
waiting times. Their approach uses real-time truck location data and checkpoint information
to estimate travel times, predict queueing delays, and dynamically adjust appointment sched-
ules accordingly. Furthermore, Schulte et al. (2017) extended the conventional role of TAS,
which traditionally focuses on congestion mitigation and TTT reduction, by incorporating
collaborative mechanisms among trucking companies. They developed a graph-based math-
ematical model that enables carriers to coordinate trips, share transportation capacity, and
schedule corresponding appointments through TAS, with the objective of reducing empty
truck movements, emissions, and overall operational costs.

Despite these advances, TAS-based approaches primarily focus onmanaging truck arrivals
at the port gate and improving terminal-side operations. They generally do not consider
the integrated scheduling of truck movements across the wider port-hinterland system, par-
ticularly the coordination between long-haul freight movements and short-haul transport
operations outside the port boundary.

Beyond appointment-based approaches, Dekker et al. (2013) introduced chassis exchange
terminals (CETs) as an alternative strategy for mitigating port gate congestion by relocating
container exchanges from the port to nearby inland facilities. Containers are subsequently
transported to the port during off-peak periods, thereby reducing pressure on port gate oper-
ations.

2.3 Optimization and simulation approaches for sustainable port-hinterland
operations

Optimization- and simulation-based approaches have been widely applied to improve the
efficiency and sustainability of port-hinterland logistics, including inland terminal planning,
intermodal network design, and truck scheduling decisions.

Sciomachen and Stecca (2023) analyzed the effects of container arrival rates on port-
related networks and proposed a MILP model to optimize container forwarding to dry
ports. Their model accounts for network capacity and time-dependent travel costs, aim-
ing to reduce congestion and improve container flow management. Similarly, Tsao and Thuy
(2018) developed a continuous approximation model for seaport-dry port network design
with multi-modal transport (road and rail), incorporating game theory and nonlinear opti-
mization to minimize carbon costs. Their results indicate that shippers located near seaports
prefer direct routes, while those farther away favor dry ports. Large nations derive the greatest
economic benefits, whereas rail-developed countries experience environmental advantages.
However, higher carbon and holding costs were shown to reduce profits, underscoring the
need for greener, rail-based dry port operations.
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Lättilä et al. (2013) developed a discrete-event simulation model to evaluate the feasi-
bility of implementing dry ports in Finland by analyzing CO2 emissions and transportation
costs. Their results indicate that the use of dry ports can reduce emissions by up to 45% and
transportation costs by 4–16%. Benedecti et al. (2024) proposed an inland container termi-
nal and waterway service between Joinville and Itapoá Port, evaluated through agent-based
simulation and financial analysis. Their findings demonstrate both operational and economic
viability, showing a 2% reduction in end-customer costs, a 65% decrease in truck dwell time,
and a 65% cut in greenhouse gas emissions. These benefits stem from a 49% reduction in
the number of trucks and an 84% decrease in travel distance.

While many optimization studies focus on network design and modal selection (Bagheri
et al., 2025; Facchini et al., 2020; Irawan et al., 2024; Kurtuluş, 2022; Raad et al., 2022), oper-
ational truck scheduling has also been explored to improve the efficiency of port-hinterland
transport operations. For example, Zhen et al. (2022) developed a truck scheduling decision
support system (DSS) to minimize the operational costs of the Yongfeng Trucking Com-
pany by optimizing truck movements between the port yard and hinterland. They formulated
a MILP model and proposed a heuristic algorithm to obtain high-quality solutions for a
real-world case study within reasonable computational time. Their findings demonstrate that
the proposed DSS can reduce total logistics costs by approximately 22% while improving
customer satisfaction.

In parallel with centralized optimization approaches, game-theoretic models have been
applied in sustainable maritime transportation to capture strategic interactions among mul-
tiple stakeholders, particularly in environmental management and policy-related decision-
making (Zhuge et al., 2024). These approaches generally consider decentralized decision-
making among stakeholders with potentially conflicting objectives. However, they are less
suitable for collaborative planning among interconnected actors within a port-hinterland
logistics system,where coordinated decisions need to be jointly optimized to improve system-
wide performance. In such contexts, centralized optimization frameworks, such as MILP,
provide an appropriate approach for determining coordinated decisions while accounting for
operational constraints and system-wide cost objectives.

Despite advances in truck scheduling optimization, existing studies mainly focus on
conventional port-hinterland operations and rarely consider the integration of remote-gate
systems, battery-electric truck operations, or the coordination of truck schedules under time-
varying port and inland handling capacities.

2.4 Research gaps andmotivation

A review of the existing literature reveals several key research gaps:

(1) Existing truck scheduling approaches, includingTAS-based optimization andCET strate-
gies, primarily focus onmitigating congestionwithin or near the port boundary. Although
these approaches improve gate operations and truck turnaround times, they generally
overlook the wider port-hinterland logistics system, particularly the congestion and
emissions generated by diesel trucks traveling through urban port-access corridors. Con-
sequently, their ability to address emerging port-city logistics challenges remains limited.

(2) Optimization studies based on inland intermodal terminals mainly rely on modal shift
towards rail or waterway transport. However, road transport remains the dominant freight
mode in many regions due to infrastructure limitations and geographical constraints.
Therefore, there is a need for sustainable road-based solutions that improve port-city
connectivity without requiring extensive investment in new rail infrastructure.
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1
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2

Fig. 1 Illustration of the two-layer CRG-BETport-hinterland truck scheduling framework based on theconcept
introduced by Mokhtari-Moghadam et al. (2025)

(3) Although studies on theCRG-BET framework remain limited, they demonstrate its poten-
tial as a sustainable alternative for improving port-city connectivity. However, several
operational challenges remain unresolved. Existing studies assume that long-haul ICE
truck arrivals follow predefined temporal patterns similar to conventional systems rather
than being determined through an integrated scheduling framework. Moreover, the joint
scheduling of long-haul ICE truck arrivals and short-haul battery-electric truck operations
has not been investigated. Furthermore, previous studies assumefixed handling capacities
at both the port and CRG, overlooking temporal variations caused by quay-side opera-
tional priorities and unexpected disruptions. These limitations restrict the evaluation of
CRG-BET performance under realistic and dynamic operating conditions.

3 Problem description andmathematical formulation

3.1 Problem description

This section describes the operational structure of the CRG-BET system and formulates
the associated PHTSP. As illustrated in Fig. 1, the system consists of two interconnected
operational layers: (i) long-haul container transportation between inland terminals and the
remote gate, and (ii) short-haul container transfer between the remote gate and the seaport
using battery-electric trucks.

There is a set of inland terminals, D = 1, 2, . . . , dn , each located at a different site
and serving as a consolidation and distribution hub for long-haul container flows associated
with exporters (shippers) and importers (consignees). Each inland terminal handles export
containers originating from shippers with quantity q ′

d and import containers destined for
consignees with quantity qd . A fleet of ICE trucks, V = 1, 2, . . . , |V | transports export-
loaded containers from inland terminals to the CRG, denoted by r . After delivering an export-
loaded chassis at the CRG, an ICE truck typically returns to its originating inland terminal
with the first available import-loaded chassis. The transfer of containers between the CRG
and the seaport is performed by a fleet of BE trucks, K = 1, 2, . . . , |K |. Each BE truck
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Fig. 2 Illustration of truck status in time

k ∈ K collects an import-loaded chassis at the seaport and transports it to the CRG, where it
decouples the chassis in the designated import area before coupling an export-loaded chassis
for the return trip to the port. Upon arriving at the seaport, the BE truck proceeds to the
stacking yard, where the export container is unloaded and a new import container is loaded
onto the same chassis without decoupling it. The truck then returns to the CRG with the
newly loaded import container, thereby completing one operating cycle. Fig. 2 illustrates the
evolution of the truck operating states over time.

The model considers the scheduling of both truck fleets under time-varying facility capac-
ities at the port and the remote gate over the planning horizon. The primary objective is to
minimize total system cost, including transportation costs, operating costs of trucks, chassis
hiring costs, truck queuing costs, parking costs associated with truck idle times awaiting new
assignments, land-use costs at the remote gate for accommodating chassis, and CO2 emission
costs generated by trucks during queuing periods.

The main assumptions underlying the proposed model are summarized as follows:

(1) The ICE and BE truck fleets are operated by separate logistics operators. In the
non-collaborative scenario, each fleet follows its own operational schedule based on
conventional truck arrival patterns. In the collaborative scheduling scenario, operational
information is shared among relevant stakeholders, and ICE and BE truckmovements are
coordinated according to the optimized schedules generated by the proposed framework.
For example, an ICE truck arriving at the CRG from d1 is not required to wait for a return
container associated with the same inland terminal; instead, it can be assigned the first
available compatible import container, thereby reducing idle time and improving fleet
utilization.

(2) The CRG is operated by the port authority. Its objective is to improve the overall perfor-
mance of the port-hinterland system by reducing congestion, emissions, and operational
costs while optimizing CRG resources, including chassis requirements and facility uti-
lization.

(3) The planning horizon is defined as a single operational day (24h), duringwhich all import
and export container demands must be satisfied.

(4) The handling capacities of both the seaport and the CRG are time-varying and assumed
to be known in advance based on available operational information.

(5) Each truck can transport only one chassis per trip.

123



Annals of Operations Research

Table 1 Indices and parameters for the model

Notation Definition

Indices

i, j Indices of nodes within the network

d Index of inland terminals, d ∈ {1, 2, . . . , D}
p Index of port

r Index of remote gate (CRG)

t Index of discrete time slots, t ∈ {1, 2, . . . , T }, each of length � = 10 minutes

h Index of hours, h ∈ {1, 2, . . . , H}
v Index of ICE trucks (inland terminals ↔ remote gate), v ∈ {1, . . . , V }
k Index of BE trucks (port ↔ remote gate), k ∈ {1, . . . , K }
Parameters

qd Containers to be transshipped from inland terminal d to port (per day)

q ′
d Containers to be transshipped from port to inland terminal d (per day)

t ti, j Total trip time between nodes i and j (loading, travel, unloading), measured in slots

τi, j Pure travel time between nodes i and j (minutes)

tdi, j Travel distance between nodes i and j (km)

l Loading time at port (including internal travel), measured in slots

l ′ Unloading time at port (including internal travel), measured in slots

ι Decoupling time at CRG/inland terminals (including repositioning), measured in slots

ι′ Coupling time at CRG/inland terminals (including repositioning), measured in slots

capt Port truck-handling capacity in slot t (trucks/slot)

cap′
t Remote gate truck-handling capacity in slot t (trucks/slot)

Q Target truck arrival rate at the port specified by the operator (trucks/hour)

η Number of time slots within one hour (here η = 6 for � = 10 minutes)

f c Daily fixed operating cost of BE truck type k (£/day)

c Total cost of ownership (TCO) per km for BE truck type k (£/km)

f c′ Daily fixed operating cost of ICE truck type v (£/day)

c′ TCO per km for ICE truck type v (£/km)

wcICE Queuing cost of ICE truck per slot at the CRG (£/slot)

wcBE Queuing cost of BE truck per slot (port or CRG) (£/slot)

pc Parking cost per truck (or chassis) per slot (£/slot)

e CO2 emissions of BE truck type k in queuing per slot (tons/slot)

e′ CO2 emissions of ICE truck type v in queuing per slot (tons/slot)

ec Monetary cost of CO2 emissions (per ton) in queuing state (£/ton)

M A sufficiently large constant

lc Unit cost of land per acre (£/acre)

co Number of chassis that can be stored per acre (chassis/acre)

cu Daily chassis hiring cost (£/day)

ρ Unit penalty for late delivery beyond the planning horizon (£/hour)
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Table 2 Model decision and derived variables for the integrated truck scheduling formulation

Notation Definition

Decision variables

xv,t,d 1 if truck v departs from inland terminal d to the CRG in slot t , 0 otherwise

x ′
v,t,d 1 if truck v departs from the CRG to inland terminal d in slot t , 0 otherwise

yk,t 1 if truck k departs from the port to the CRG in slot t , 0 otherwise

y′
k,t 1 if truck k departs from the CRG to the port in slot t , 0 otherwise

ak,t 1 if truck k is assigned to a port crane for loading in slot t , 0 otherwise

a′
k,t 1 if truck k is assigned to a port crane for unloading in slot t , 0 otherwise

bv,t,d 1 if truck v from inland terminal d is assigned to the CRG to release a chassis in slot t , 0 otherwise

b′
v,t,d 1 if truck v starts coupling a chassis in slot t before departing to inland terminal d, 0 otherwise

b1k,t 1 if truck k starts coupling a chassis in slot t before departing to the port, 0 otherwise

b1′
k,t 1 if truck k arriving from the port starts releasing a chassis at the CRG in slot t , 0 otherwise

uk 1 if BE truck k is used in the planning horizon, 0 otherwise

u′
v 1 if ICE truck v is used in the planning horizon, 0 otherwise

L Land area rented at the CRG location (acres)

γ Number of chassis hired per day

Derived variables

αt Queue length of BE trucks at the port in slot t

α′
t Queue length of BE trucks at the CRG in slot t

θt Queue length of ICE trucks at the CRG in slot t

βt Number of BE trucks idle (parked) at the port in slot t

β ′
t Number of BE trucks idle (parked) at the CRG in slot t

λt Number of ICE trucks idle (parked) at the CRG in slot t

capBEt CRG capacity (in trucks per slot) allocated to BE trucks in slot t

capICE
t CRG capacity (in trucks per slot) allocated to ICE trucks in slot t

dirk,t Direction of truck k in slot t (port→CRG or CRG→port)

dir ′
v,t Direction of truck v in slot t (inland terminal→CRG or CRG→inland terminal)

δt Number of BE trucks serving at the port (under crane) in slot t

δBEt Number of BE trucks serving at the CRG in slot t

δ ICE
t Number of ICE trucks serving at the CRG in slot t

πt Number of chassis present at the CRG in slot t , excluding queued chassis

φt Number of chassis present at the port in slot t

3.2 Mathematical formulation

PHTSP.Theobjective is to determine the optimal trucks schedulingwithminimumaggregated
cost. The indices, parameters, and variables are listed in Tables 1 and 2. The MILP model
for the PHTSP is formulated at follows:
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Minimize
∑

k∈K

∑

t∈T

(
yk,t tdp,r + y′

k,t tdr ,p
) · c +

∑

d∈D

∑

v∈V

∑

t∈T

(
xv,t,d tdd,r + x ′

v,t,d tdr ,d
) · c′

+
∑

k∈K
uk · f c +

∑

v∈V
u′

v · f c′ +
∑

t∈T
(αt + α′

t ) wcBE

+
∑

t∈T
θt wcICE +

∑

t∈T
(βt + β ′

t + λt ) · pc

+
∑

t∈T
θt · e′ · ec +

∑

t∈T
(αt + α′

t ) · e · ec + L · lc + γ · cu,

(1)

The objective function (1) minimizes the total system cost. The first and second terms
represent the transportation costs of BE and ICE trucks, respectively, while the third and
fourth terms account for their operating costs. The fifth and sixth terms represent the queuing
costs incurred by BE and ICE trucks, respectively. The seventh term corresponds to the
parking cost associated with idle trucks. The eighth and ninth terms account for the emissions
costs generated by BE and ICE trucks during queuing, respectively. Finally, the last two terms
represent the land rental cost at the CRG and the chassis hiring cost.

To improve the readability and transparency of the MILP formulation, the constraints are
structured into seven functional groups corresponding to the main modeling components:
(i) BE truck movement and location constraints, (ii) port service and demand fulfillment
constraints, (iii) ICE truck movement and location constraints, (iv) CRG service and queuing
constraints, (v) truck utilization constraints, (vi) chassis inventory and requirement con-
straints, and (vii) variable domain constraints.

3.2.1 BE truck movement and location constraints

The BE truck movement and location constraints (Constraints (2)–(10)) describe the oper-
ational movements of BE trucks between the port and the CRG. These constraints ensure
that each truck performs no more than one movement within a given time period, satisfies
travel-time requirements, maintains movement flow continuity, and departs only from its
current location.

yk,t + y′
k,t ≤ 1, ∀k ∈ K , t ∈ T (2)

yk,t +
∑

t ′∈T
t+1≤t ′≤t+t tr,p−1

(
yk,t ′ + y′

k,t ′
) ≤ 1, ∀k ∈ K , t ∈ T ,

(3)

y′
k,t +

∑

t ′∈T
t+1≤t ′≤t+t t p,r−1

(
yk,t ′ + y′

k,t ′
) ≤ 1, ∀k ∈ K , t ∈ T ,

(4)

∑

k∈K

∑

t∈T
yk,t =

∑

v∈V

∑

t∈T

∑

d∈D
xv,t,d , (5)

∑

k∈K

∑

t∈T
y′
k,t =

∑

v∈V

∑

t∈T

∑

d∈D
x ′
v,t,d , (6)
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dirk,t = dirk,t−1 + yk,t−1 − y′
k,t−1, ∀k ∈ K , ∀t = 2, . . . , |T |, (7)

yk,t−1 ≤ 1 − dirk,t−1, ∀k ∈ K , ∀t = 2, . . . , |T |, (8)

y′
k,t−1 ≤ dirk,t−1, ∀k ∈ K , ∀t = 2, . . . , |T |, (9)

y′
k,t ≤

∑

t ′∈T
t<t ′≤t+t tr,p

yk,t ′ , ∀k ∈ K , t ∈ T ,
(10)

Constraint (2) ensures that each BE truck performs at most one operation during each
time slot, preventing it from departing simultaneously from both the port and the remote
gate. Constraint (3) enforces the travel time requirement for trucks departing from the port to
the remote gate. If truck k departs at time t (yk,t = 1), it remains occupied for the subsequent
t tp,r − 1 time slots t ′. Therefore, it cannot be reassigned to any other departure, either from
the port (yk,t ′ ) or from the remote gate (y′

k,t ′ ), until the trip is completed. Constraint (4)
applies the same logic to inbound trips from the remote gate to the port. Constraints (5) and
(6) represent the flow balance of inbound and outbound activities, respectively. Together,
constraints (7)–(9) ensure location consistency over time. Specifically, a truck can depart
from a node only if it is present at that node, and its location status is updated dynamically
as it travels between the port and the remote gate. Constraint (10) links outbound trips from
the remote gate to the corresponding inbound trips from the port. In particular, a truck may
return from the remote gate (y′

k,t ) only if it has previously departed from the port (yk,t ) within
the relevant travel time window t tr ,p , thereby ensuring consistency between outbound and
return movements.

3.2.2 Port service and demand constraints

The port service and demand constraints (Constraints (11)–(18)) formulate the loading and
unloading operations at the port, enforce crane capacity limitations, quantify truck queue
formation, regulate truck arrivals to the port, and ensure that the daily transport demand is
satisfied.

δt =
∑

k∈K

∑

t ′∈T
t ′≤t<t ′+l ′p

ak,t ′ +
∑

k∈K

∑

t ′∈T
t ′≤t<t ′+l p

a′
k,t ′ , ∀t ∈ T ,

(11)

δt ≤ capt , ∀t ∈ T , (12)

αt ≥ αt−1 + δt−1 − capt−1, ∀t = 2, . . . , |T |, (13)

ak,t ≤
∑

t ′∈T
t ′=t+t tr,p−l ′p

yk,t ′ ∀k ∈ K ,∀t ∈ T ,
(14)

a′
k,t ≤

∑

t ′≤t

y′
k,t ′ ∀k ∈ K ,∀t ∈ T , (15)
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hs∑

t=(h−1)s+1

∑

k∈K
y′
k,t ≤ Q ∀h ∈ H (16)

∑

k∈K

∑

t∈T
yk,t =

∑

d∈D
q ′
d , (17)

∑

k∈K

∑

t∈T
y′
k,t =

∑

d∈D
qd (18)

Constraint (11) defines port crane utilization over time, where the right-hand side counts
all trucks engaged in loading and unloading operations during time slot t . Constraint (12)
imposes the capacity limit of port cranes, ensuring that the number of simultaneously served
trucks does not exceed available crane capacity. Constraint (13) quantifies the number of
trucks waiting in the port queue at each time period. Constraints (14) and (15) link truck
assignment decisions to the initiation of loading and unloading operations, ensuring that
crane operations can only begin once a truck has been assigned and has arrived within the
feasible time window.

Constraint (16) regulates the number of trucks departing from the remote gate to the port
per hour, ensuring alignment with the target arrival rate Q specified by the port operator.
Constraints (17) and (18) ensure that total truck trips satisfy daily container demand in both
directions between the port and the remote gate.

3.2.3 ICE truck movement and location constraints

The ICE truck movement and location constraints (Constraints (19)–(27)) govern the move-
ments of ICE trucks between inland terminals and theCRG.Similar to theBE truckmovement
constraints (Constraints (2)–(10)), these constraints ensure travel-time feasibility, maintain
location consistency, and guarantee that transport demand is fulfilled.

xv,t,d + x ′
v,t,d ≤ 1, ∀v ∈ V , t ∈ T (19)

xv,t,d +
∑

t ′∈T
t+1≤t ′≤t+t td,r−1

(
xv,t ′,d + x ′

v,t ′,d
) ≤ 1, ∀v ∈ V , t ∈ T , d ∈ D,

(20)

x ′
v,t,d +

∑

t ′∈T
t+1≤t ′≤t+t tr,d−1

(
xv,t ′,d + x ′

v,t ′,d
) ≤ 1, ∀v ∈ V , t ∈ T , d ∈ D,

(21)

dir ′
v,t = dir ′

v,t−1 +
∑

d∈D
xv,t−1,d −

∑

d∈D
x ′
v,t−1,d , ∀v ∈ V , ∀t = 2, . . . , |T |, (22)

xv,t−1,d ≤ 1 − dir ′
v,t−1, ∀v ∈ V , ∀t = 2, . . . , |T |, d ∈ D, (23)

x ′
v,t−1,d ≤ dir ′

v,t−1, ∀v ∈ V , ∀t = 2, . . . , |T |, (24)

x ′
v,t,d ≤

∑

t ′∈T
t<t ′≤t+t tr,d

xv,t ′,d , ∀v ∈ V , t ∈ T , d ∈ D,
(25)
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∑

v∈V

∑

t∈T
xv,t−1,d = q ′

d , ∀d ∈ D, (26)

∑

v∈V

∑

t∈T
x ′
v,t−1,d = qd , ∀d ∈ D, (27)

Constraint (19) ensures that each truck v can perform only one operation at any given time;
that is, a truck cannot simultaneously depart from the inland terminals and the remote gate
within the same time slot. Constraints (20) and (21) ensure that travel time requirements are
satisfied for trucks moving between inland terminals and the remote gate in both directions.
Constraints (22)–(24) enforce location feasibility by ensuring that trucks depart only from
nodes where they are present, with locations updated dynamically. Constraint (25) links out-
bound trips from the inland terminals to corresponding inbound trips from the remote gate.
Specifically, a truck may return from the remote gate (x ′

v,t,d ) only if it previously departed
from the inland terminal (xv,t,d ) within the relevant travel time window t tr ,d , ensuring con-
sistency between outbound and return trips. Constraints (26) and (27) ensure that container
demand between inland terminals and the remote gate is fully satisfied.

3.2.4 CRG service constraints

The CRG service constraints (Constraints (28)–(37)) model truck processing operations
at the CRG, including service utilization, capacity allocation, queue evolution, and cou-
pling/decoupling operations.

δBEt =
∑

k∈K

∑

t ′∈T
t ′≤t<t ′+ι′

b1k,t ′ +
∑

k∈K

∑

t ′∈T
t ′≤t<t ′+ι

b1′
k,t ′ , ∀t ∈ T ,

(28)

δ ICE
t =

∑

v∈V

∑

t ′∈T
t ′≤t<t ′+ι′

∑

d∈D
bv,t ′,d +

∑

v∈V

∑

t ′∈T
t ′≤t<t ′+ι

∑

d∈D
b′
v,t ′,d , ∀t ∈ T ,

(29)

δBEt + δ ICE
t ≤ cap′

t , ∀t ∈ T , (30)

α′
t ≥ α′

t−1 + δBEt−1 − capBEt−1, ∀t = 2, . . . , |T |, (31)

θt ≥ θt−1 + δ ICE
t−1 − capICE

t−1 , ∀t = 2, . . . , |T |, (32)

capBEt + capICE
t ≤ cap′

t ∀t ∈ T , (33)

bv,t,d ≤
∑

t ′∈T
t ′=t+t td,r−ι′

xv,t ′,d ∀v ∈ V ,∀t ∈ T ,∀d ∈ D,
(34)

b′
v,t,d ≤

∑

t ′≤t

x ′
v,t ′,d ∀v ∈ V ,∀t ∈ T ,∀d ∈ D, (35)

123



Annals of Operations Research

b1′
k,t ≤

∑

t ′∈T
t ′=t+t tp,r−ι′

yk,t ′ ∀k ∈ K ,∀t ∈ T ,
(36)

b1k,t ≤
∑

t ′≤t

y′
k,t ′ ∀k ∈ K ,∀t ∈ T , (37)

Constraints (28) and (29) defineCRG service utilization byBE and ICE trucks at each time
slot t , respectively. Constraint (30) enforces the CRG capacity limit, ensuring that the number
of trucks in service does not exceed available capacity. Constraints (31) and (32) update the
number of BE and ICE trucks waiting in the CRG queue, ensuring that queue lengths reflect
excess demand beyond available service capacity for each truck type. Constraint (33) links
total CRG capacity to its allocation between BE and ICE trucks by ensuring that the sum of
type-specific capacities does not exceed the exogenous capacity limit.

Constraints (34)–(37) link truck assignment decisions to the initiation of decoupling and
coupling operations at the CRG, ensuring that these activities begin only after trucks have
been assigned and have arrived within the feasible time window.

3.2.5 Truck utilization constraints

The truck utilization constraints (Constraints (38)–(42)) link fleet activation variables with
truck operations and determine the number of idle trucks waiting at the port and the CRG.
∑

t∈T
(yk,t + y′

k,t ) ≤ M .uk, ∀k ∈ K , (38)

∑

t∈T

∑

d∈D
(xv,t,d + x ′

v,t,d) ≤ M .u′
v, ∀v ∈ V , (39)

βt ≥
∑

k∈K

∑

t ′∈T
t ′+l p≤t

ak,t ′ −
∑

k∈K

∑

t ′′∈T
t ′′≤t

yk,t ′′ , ∀t ∈ T ,
(40)

β ′
t ≥

∑

k∈K

∑

t ′∈T
t ′+ι≤t

b1′
k,t ′ −

∑

k∈K

∑

t ′′∈T
t ′′≤t

y′
k,t ′′ , ∀t ∈ T ,

(41)

λt ≥
∑

v∈V

∑

t ′∈T
t ′+ι≤t

∑

d∈D
bv,t ′,d −

∑

v∈V

∑

t ′′∈T
t ′′≤t

∑

d∈D
x ′
v,t ′′,d , ∀t ∈ T ,

(42)

Constraints (38) and (39) link assignment decisions to truck usage variables. Constraint (40)
computes the number of idle BE trucks at the port in slot t , while Constraints (41) and (42)
compute the number of idle BE and ICE trucks at the CRG, respectively.

3.2.6 Chassis inventory constraints

The chassis inventory constraints (Constraints (43)–(47)) track chassis inventory throughout
the system, determine the maximum chassis inventory required at the CRG for estimating the
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required land area, monitor chassismovements, and calculate the overall chassis requirement.

πt = π0 +
∑

t ′∈T
t ′≤t

(
∑

k∈K
b1′

k,t ′ +
∑

v∈V

∑

d∈D
bv,t ′,d) −

∑

t ′′∈T
t ′′≤t

(
∑

k∈K
y′
k,t ′′ +

∑

v∈V

∑

d∈D
x ′
v,t ′′,d), ∀t ∈ T ,

(43)

L ≥ πt , ∀t ∈ T (44)

trt =
∑

k∈K

∑

t ′∈T
t ′≤t<t ′+t tp,r

yk,t ′ +
∑

k∈K

∑

t ′∈T
t ′≤t<t ′+t tr,p

y′
k,t ′

+
∑

v∈V

∑

t ′∈T
t ′≤t<t ′+t td,r

∑

d∈D
xv,t ′,d +

∑

v∈V

∑

t ′∈T
t ′≤t ′≤t<t ′+t tr,d

∑

d∈D
x ′
v,t ′,d , ∀t ∈ T .

(45)

φt = φ0 +
∑

k∈K

∑

t ′∈T
t ′+t tr,p≤t

y′
k,t ′ −

∑

k∈K

∑

t ′′∈T
t ′′≤t

yk,t ′′ , ∀t ∈ T .
(46)

γ ≥ πt + α′
t + θt + trt + φt ∀t ∈ T , (47)

Constraint (43) computes the number of chassis present at the CRG at each time slot t by
accounting for cumulative arrivals and departures, where π0 denotes the initial number of
chassis at the CRG, assumed to be zero. Constraint (44) then determines L , the maximum
number of chassis present at any time, which is used to compute the required land rental area
at the CRG. Constraint (45) determines, for each time period, the number of chassis-coupled
trucks traveling between the CRG and the port, as well as between inland terminals and
the CRG. Constraint (46) computes the number of idle chassis-coupled trucks parked at the
port, awaiting new assignments. Constraint (47) specifies the maximum number of chassis
required in the system across the CRG, in transit, and at the port.

3.2.7 Variable domain constraints

The variable domain constraints (Constraints (48)–(50)) define the allowable domains of
the decision and auxiliary variables, including binary, integer and non-negative continuous
variables.

xv,t,d , x
′
v,t,d , yk,t , y′

k,t , ak,t , a
′
k,t , bv,t,d , b

′
v,t,d , b1k,t , b1

′
k,t , dirk,t , dir

′
v,t , uk , u

′
v ∈ {0, 1},

∀v ∈ V , k ∈ K , d ∈ D, t ∈ T .

(48)

γ, αt , α′
t , θt , βt , β ′

t , λt , δt , δBEt , δ ICE
t , capBEt , capICE

t , πt , trt , φt ∈ Z≥0, ∀t ∈ T .

(49)

L ≥ 0 (50)
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4 Two-stage adaptive genetic algorithm for PHTSP

Although advanced solution methods, such as Benders decomposition, column generation,
and hybrid machine learning-optimization frameworks, have demonstrated strong capabili-
ties in solving large-scale MILP problems, their applicability depends on the mathematical
structure and decomposability of the underlying problem. For the proposed PHTSP, truck
movements, queue dynamics, and time-dependent handling capacities at the port andCRGare
strongly coupled throughout the planning horizon, which makes an effective decomposition
strategy challenging without substantially reformulating the original model. Consequently,
a tailored TS-AGA is developed to obtain high-quality solutions for large-scale instances
while preserving the detailed constraints of the CRG-BET-based port-hinterland system.

The main innovations of the proposed TS-AGA are threefold. First, unlike conventional
GA-based truck scheduling approaches that search the complete fleet-sizing and scheduling
space simultaneously, the proposed TS-AGA introduces a hierarchical search strategy that
decomposes the optimization into fleet sizing and truck scheduling. This substantially reduces
the dimensionality of the search space while preserving the interaction between strategic and
operational decisions. Second, the chromosome encoding and fitness evaluation are specif-
ically designed for the CRG-BET system, where scheduling feasibility depends on truck
availability at required locations rather than individual truck identities, resulting in a more
compact search space and improved computational efficiency. Third, adaptive crossover and
mutation operators dynamically balance exploration and exploitation to enhance solution
diversity and convergence when solving large-scale instances with complex operational con-
straints.

Accordingly, the TS-AGA operates in two sequential stages. The first stage determines
the optimal fleet composition, including the required numbers of BE and ICE trucks. Based
on this fleet configuration, the second stage searches for a near-optimal truck schedule that
minimizes the total system cost while satisfying all operational constraints. The overall
framework of the proposed TS-AGA is presented in Algorithm 1.

4.1 Solution encoding

The chromosome design must align with the specific characteristics of the problem. In this
study, a novel multi-layer chromosome structure is introduced to effectively model poten-
tial solutions for the truck scheduling problem. The encoding scheme is composed of three
vectors: a container index vector, a direction vector, and a inland terminal index vector. All
three vectors share the same dimension, equal to the total number of inbound and outbound
containers, qd + q ′

d . This representation is straightforward to implement and facilitates both
presentation and coding, while also accounting for the variation in travel times among differ-
ent inland terminals. Alternatively, the chromosome could be structured as a cell array that
combines all three elements (container index, direction, and inland terminal index) within
each entry. Fig. 3 presents an example of the chromosome representation, illustrating the
structure of the three vectors. In this example, we assume qd = 10 and q ′

d = 10. The indices
0 and 1 in the second vector indicate the container direction: from the port to the inland
terminals and from the inland terminals to the port, respectively. Furthermore, it is assumed
that the system includes three inland terminals.
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Algorithm 1 Two-Stage Adaptive Genetic Algorithm (TS-AGA)
1: Stage 1: Fleet-size search
Require: Instance data; initial AGA parameter bounds; search limits
Ensure: Best truck fleet (n∗

ICE, n∗
BE) minimizing total cost

2: Compute minimum ICE and BE fleet sizes (lower bounds) from travel and operation times
3: Compute upper bounds on fleet sizes as a function of total container jobs

4: Randomly initialize a fleet-size composition (n(0)
ICE, n(0)

BE) within these bounds
5: Set outer counter s ← 0 and no-improvement counter n ← 0
6: while s < smax and n < nmax do
7: s ← s + 1
8: Select large-to-small step factor zs
9: �n(s)

ICE = max
(
1, �zs n(s−1)

ICE �), �n(s)
BE = max

(
1, �zs n(s−1)

BE �)

10: Generate candidate fleets around (n(s−1)
ICE , n(s−1)

BE ):

11: (nICE, nBE) ∈ {(n(s−1)
ICE , n(s−1)

BE ), (n(s−1)
ICE ± �n(s)

ICE, n(s−1)
BE ), (n(s−1)

ICE , n(s−1)
BE ± �n(s)

BE)}
12: Project candidates onto [nmin

ICE, nmax
ICE ] × [nmin

BE , nmax
BE ]

13: Initialize AGA parameters for schedule evaluation.
14: for each candidate fleet (nICE, nBE) do
15: Fix fleet sizes in the model: nICE, nBE
16: Run a AGA with small iterations and small population size and evaluate the best schedule cost

Cfleet(nICE, nBE)

17: Update the current best fleet and cost if Cfleet improves
18: end for
19: If no fleet candidate improves the current cost, increment n
20: end while
21: Stage 2: Schedule optimization
Ensure: Best schedule S∗ for the selected fleet
22: Fix (nICE, nBE) ← (n∗

ICE, n∗
BE) in the model

23: Generate an initial population P0 of npop candidate chromosomes
24: Decode each chromosome into a schedule Si
25: Evaluate each Si ∈ P0 with the cost function f (Si )
26: Set best solution S∗ ← argminSi∈P0 f (Si ) and best cost C

∗ ← f (S∗)

27: Compute initial diversity D0 and initialize history H ← ∅
28: Initialize adaptive control parameters: mutation rate p(0)

m , crossover rate p(0)
c

29: for i t = 1 to Max I ter do
30: Crossover:
31: Select parent pairs via roulette-wheel sampling

32: Apply uniform crossover to the container index vectors with rate p(i t)
c to obtain offspring set Pc

33: Mutation:
34: Select parents via roulette-wheel sampling

35: Apply neighbourhood mutation (swap, insertion, reversal) with rate p(i t)
m to obtain mutant set Pm

36: Decode all offspring and mutants into schedules; evaluate f (S)

37: Merge populations: P ← P ∪ Pc ∪ Pm and retain the best npop individuals (elitist truncation)
38: Update S∗ and C∗ if an improved solution is found, Update Cw and recompute population diversity

Dit
39: Adaptive control:
40: Compute improvement rate and stall counter based on C∗ and H

41: Adapt (p(i t)
c , p(i t)

m ) using improvement rate and diversity:
42: increase exploration (higher pm ) if diversity is low or stall persists
43: increase exploitation (lower pm ) when improvements are frequent and diversity is adequate
44: Append C∗ to history H
45: Stopping rules:
46: if maximum function evaluations reached or stall exceeds limit or best-cost history flattens then
47: break � Early termination based on adaptive rules
48: end if
49: end for
50: return S∗, (n∗

ICE, n∗
BE), C∗
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Container index 8 16 4 15 9 12 17 1 18 10 19 3 7 20 11 13 14 5 2 6
Container direction 1 0 1 0 1 0 0 1 0 1 0 1 1 0 0 0 0 1 1 1
Inland terminal index 3 2 1 2 3 1 2 1 3 3 3 1 2 3 1 1 1 2 1 2

Fig. 3 Chromosome structure

4.2 Solution decoding

Algorithm 2 presents the procedure for interpreting the chromosome structure. This step
translates a randomly generated chromosome into a candidate solution, either feasible or
infeasible, for the port-hinterland truck scheduling problem. The decoding process proceeds
sequentially from left to right. In this example (see Fig. 3), the first element of the first vector
is 8, representing the container index, while the corresponding elements of the second and
third vectors are 1 and 3, respectively. These values indicate that the container is transported
from inland terminal 3 to the port. According to Algorithm 2, the availability status of truck v

is checked, and if the truck is available, it is assigned to the container. After pickup and arrival
at the remote gate, and once a slot is assigned, the truck leaves the chassis (container 8) at the
designated area. Its status, including location and availability time, is then updated. Once the
first layer is completed, the container proceeds to the second-layer transshipment. This begins
with an availability check for truck k. If truck k is available, the remote gate availability for
pickup must be checked before the truck can proceed to the port. Upon arrival at the port, a
port crane is assigned based on its availability, and after completing the unloading operation,
the status of truck k, including its location and next available time, is updated. If no truck
is available at any stage, the container index is added to a waiting list until a suitable truck
becomes available. Throughout the procedure, all relevant statistics are recorded. Finally,
once no containers remain in the chromosome, the overall cost is calculated.

4.3 Evolutionary phase of TS-AGA

After establishing the chromosome representation and decoding procedure, the evolutionary
phase of TS-AGA is applied to improve the solution quality of the port-hinterland truck
scheduling problem.

4.3.1 Population generation and fitness assessment

The evolutionary process begins with the generation of an initial population of npop chro-
mosomes. Each chromosome represents a potential truck scheduling solution and is decoded
into a corresponding schedule using the decoding procedure described previously. The fitness
of each chromosome is evaluated based on the total cost of the decoded schedule, including
penalty terms associated with constraint violations, such as capacity exceedance and opera-
tions beyond the planning horizon. Since the objective is cost minimization, chromosomes
with lower costs are considered fitter and have a higher probability of being selected for
reproduction.

4.3.2 TS-AGA operators

High-quality solutions in the TS-AGA are generated through the iterative application of
selection, recombination, and mutation across successive generations.
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Algorithm 2 Solution Decoding Algorithm
Require: Chromosome, Cap , Cap′, t ti, j , τi, j , and the values of other relevant parameters.
Ensure: Aggregated Cost
1: Initialize states:

v_state, k_state � truck availability times and locations
CRG_usage, port_usage
w,w′ � w = list of containers waiting at port or inland terminals, w′ = list of containers waiting at CRG
idle_times (v, k, containers), queue_t imes (v, k)

2: for each container j following the sequence in the chromosome’s first vector: do
3: if w or w′ �= ∅ then
4: Apply 6-45 steps.
5: end if
6: if container direction = 1 then
7: j ← container_id
8: Find the earliest available trucks v at inland terminal
9: if no v available then
10: Add j to w; continue to next container index
11: end if
12: Assign v, record first layer start-time (xv,t,d )
13: Schedule inland terminals → CRG trip and record arrival at CRG
14: Assign CRG decoupling slot (bv,t,d )
15: Update v state, record truck in queue time (α′

t ).
16: Find available k at CRG
17: if no k available then
18: Add j to w′; continue to next container index
19: end if
20: Assign k and CRG coupling slot (b1k,t ), record departure time (y′

k,t ) and truck idle times

(β ′
t )/container idle-time.

21: Schedule CRG → Port trip and record arrival time at port.
22: Assign Port crane slot for unloading (a′

k,t ).
23: Update k state, record truck in queue time (αt ).
24: Record container completion times.
25: else if container direction = 0 then
26: j ← container_id
27: Find the earliest available k at port.
28: if no k available then
29: Add j to w; continue to next container index
30: end if
31: Assign k, record first-layer start-time (yk,t )
32: Assign Port crane slot for loading (ak,t ).
33: Schedule Port → CRG trip and record arrival-time
34: Assign CRG decoupling slot (b1′

k,t )

35: Update k state, record truck in queue time (α′
t ).

36: Find the earliest available v at CRG
37: if no v available then
38: Add j to w′; continue to next container index
39: end if
40: Assign v and CRG coupling slot (b′

v,t,d ), record departure time (x ′
v,t,d ) and truck idle times

(λt )/container idle-time
41: Schedule CRG → inland terminal trip, record arrival time
42: Update v state
43: Record container completion times
44: end if
45: end for
46: Collect statistics and calculate overall cost
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Selection The selection mechanism determines the chromosomes participating in repro-
duction. In this study, roulette-wheel selection is employed to select parent chromosomes
according to their fitness values. After generating new offspring through crossover and muta-
tion, an elitist truncation strategy is applied, where all individuals are ranked according to
their fitness values and only the best npop chromosomes are retained for the next generation.

Crossover operator for the sequencing vector
The crossover operator generates new offspring by combining information from selected

parent chromosomes. In this study, uniform crossover is applied to the container index vec-
tor, which determines the processing sequence of containers. Two parent chromosomes are
selected using roulette-wheel selection, and a binarymaskwith a length equal to the container
index vector is randomly generated. For each offspring, elements are inherited from the first
parent when the corresponding mask value is one and from the second parent otherwise.
The complementary inheritance rule is applied to generate the second offspring. The associ-
ated direction and inland terminal indices are transferred together with their corresponding
container elements to maintain chromosome feasibility.

Mutation operators for the sequencing vector
Mutation is introduced to maintain population diversity and reduce the risk of premature

convergence. Three neighbourhood-based mutation operators, including swap, insertion, and
reversal, are applied to the container index vector of selected chromosomes. Each operator
is selected with equal probability. The swap operator exchanges two container positions,
the insertion operator relocates one container element to another position, and the reversal
operator reverses the order of a selected subsequence. The corresponding direction and inland
terminal indices are updated consistently with the modified container sequence.

5 Experimental results and discussions

5.1 Benchmark problem setup

To evaluate the effectiveness of the proposed model, 24 test instances of varying scales
were generated based on empirical data collected from multiple sources. These instances
were proportionally derived from the real case study in terms of container volumes, inland
terminal demand, and facility capacities, thereby ensuring a fair and consistent comparison
between the exact optimization approach and the proposed solution algorithm. Table 3 shows
the test problems configurations,

5.2 Data collection and empirical analysis

Truck arrival data were obtained following the method described by Mokhtari-Moghadam
et al. (2025), using inductive loop detector data collected by National Highways on the
primary approach road to the port (National Highways, 2025). However, because the sensor
is located upstream of the port and some trucks leave the highway before reaching the port,
the recorded truck counts were adjusted by applying a 70% scaling factor, based on expert
estimates provided by the port operator. The TTT, defined as the duration between gate entry
and port exit is extracted from the port’s publicly available dashboard. For this study, the
average TTT is considered, with a reported value of 40min (Transport, 2025).
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The service time at the CRG, representing the time required for chassis decoupling and
coupling operations, is assumed to be 15min (Dekker et al., 2013). The same service time
is also assumed for the inland terminals. Truck travel times between the inland terminals,
the CRG, and the port were obtained from Google Maps under free-flow or normal traffic
conditions (Google Maps, 2025) and are presented in Table 4. In addition, the desired hourly
truck-handling capacity for external trucks at the port is set at 46 trucks per hour, which
represents the target capacity required to ensure smooth and continuous operations, including
loading and unloading activities, while maintaining efficient truck flows on port access roads
(Port-Operator, 2025). However, the actual truck-handling capacity of yard cranes varies
throughout the day due to operational priorities, which typically favor seaside operations,
as well as potential operational disruptions. Therefore, this study assumes that the available
truck-handling capacity changes hourly. Based on an assumed 70% utilization of port-yard
capacity for hinterland truck operations, the hourly truck-handling capacity is defined within
the rangepresented inTable 3.This approach captures periods of reducedhandling availability
while ensuring that external truck demand can be accommodated over the planning horizon.
The same approach is applied to the CRG truck-handling capacity to prevent congestion from
simply shifting from the port to the CRG, despite its location outside the city boundary.

The travel costs of BE and ICE trucks are based on the TCO, expressed in £/km, with
values of £0.945/km and £0.775/km, respectively, adopted from Wang et al. (2024). The
TCO includes both capital expenditure (CAPEX) and operating expenditure (OPEX). For
BE trucks, the TCO corresponds to Scenario 2, which assumes a plug-in grant of £25,000.
The OPEX includes only fuel (or electricity), maintenance, insurance, and CO2 charges,
while driver-related costs are excluded. Therefore, in this study, the labour cost for operating
both BE and ICE trucks is estimated separately based on the hourly wage of a truck driver
(SalaryExpert, 2025). After including overhead costs (Department for Transport, 2025), the
total labor cost is assumed to be £20.29 per hour.

The waiting costs of BE and ICE trucks while queuing at the port/CRG gate are esti-
mated based on energy consumption during the waiting period, assuming that trucks remain
in a stationary idle condition throughout the queuing process. For ICE trucks, this includes
diesel fuel consumption during idling with the engine running, whereas for BE trucks it
includes auxiliary electricity consumption required to maintain vehicle systems while sta-
tionary. In both cases, maintenance and vehicle wear costs incurred during the waiting period
are included. Driver costs during queuing are calculated separately, as described above, and
are included in the truck operating cost regardless of whether the vehicle is traveling, waiting
in the queue, or receiving service.

Heavy-duty diesel engines typically consume approximately 2.42 liters of fuel per hour
while idling (Radius, 2025). Assuming a diesel price of £1.46 per liter (Wang et al., 2024),
the idling fuel cost is approximately £3.53 per hour. Adding an estimated maintenance and
engine wear cost of £2.00 per hour (Waste360, 2017) results in a total ICE truck queuing
cost of approximately £5.53 per hour, excluding driver costs. For BE trucks, under mild
ambient temperatures and without refrigeration, a BE truck consumes approximately 2 kWh
of electricity per hour while stationary (Cenex, 2023). Using an electricity price of £0.177
per kWh (Wang et al., 2024), the electricity cost is estimated at approximately £0.35 per
hour. Assuming that the maintenance and vehicle wear costs of a BE truck are 67% of
those of an ICE truck (Wang et al., 2024), the corresponding maintenance and wear cost is
estimated at £1.30 per hour. Therefore, the total queuing cost of a BE truck is estimated to
be approximately £1.65 per hour, excluding driver costs.

To estimate CO2 emissions during queuing, trucks waiting at the port/CRG gate are
assumed to operate under idling conditions, representing heavy congestion where vehicles
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Table 4 Cost, emission, and operational parameters used in the mathematical model

Symbol Description Value Source

cwBE BE truck queuing cost (powered on, excl.
driver)

£1.65/h Cenex (2023); Wang et al. (2024)

cwICE ICE truck queuing cost (engine on, excl.
driver)

£5.53/h Radius (2025); Waste360 (2017)

e CO2 emissions of queued BE truck 279 gCO2/h Mokhtari-Moghadam et al. (2025)

e′ CO2 emissions of queued ICE truck 4118 gCO2/h Barlow and Cairns (2020)

ce Cost of CO2 emissions £49.41/t CO2 Uk Desnz (2025)

cu Chassis hiring price £70/week Port-Operator (2025)

co Chassis occupancy per acre 35 units/acre Port-Operator (2025)

c Total cost of ownership per km (BE truck) £0.945/km Wang et al. (2024)

c′ Total cost of ownership per km (ICE truck) £0.775/km Wang et al. (2024)

tdd,r Distance inland terminal-remote gate 45–148km Google Maps (2025)

τd,r Travel time inland terminal-remote gate 40–120 min Google Maps (2025)

tdp,r Distance port-remote gate 38km Google Maps (2025)

τp,r Travel time port-remote gate 40 min Google Maps (2025)

f c, f c′ Daily truck operating cost (24-hour,
three-shift operation including full driver
and overhead costs)

£486.96/day SalaryExpert (2025)

pc Parking cost per truck per hour £1.9/h Ashford International (2026)

lc Annual land lease cost per acre (local area) £60,173/year Port-Operator (2025)

ρ Penalty cost of late delivery £200/h Based on operating and delay costs

remain stationary. The idling CO2 emission rate for an ICE truck is 68.64 g CO2/min (Barlow
and Cairns, 2020), corresponding to 4118g CO2/h. For BE trucks, CO2 emissions dur-
ing queuing are estimated based on the corresponding electricity consumption reported by
Mokhtari-Moghadam et al. (2025). Table 4 summarizes the data sources and parameter val-
ues used in this study. The late delivery penalty is set at £200/h, estimated from the hourly
operating cost of a truck, including vehicle and driver-related costs. This value represents the
combined direct and indirect economic impacts associated with delivery delays. It is worth
noting that, in the discrete-time formulation presented in Section 3, the hourly queuing, park-
ing, and emission cost parameters listed in Table 4 are converted to per-slot values based on
a 10-minute time slot and applied to the slot-based queuing and idle-time variables in the
objective function.

5.3 Computational result and analysis

5.3.1 Experimental design and computational setup

In this section, the performance of the proposed TS-AGA for solving the PHTSP is evaluated
against both an exact MILP approach and a metaheuristic benchmark. The exact approach
relies onGurobi 13.0.1 to solve theMILP formulation of the problem,while themetaheuristic
benchmark is a two-stage simulated annealing (TS-SA) algorithm. The test bed consists of
24 instances of varying size, covering small, medium, and large-scale problems.
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For theMILP benchmark, TS-AGA is comparedwith the best incumbent solution returned
by Gurobi within a time limit of 10,800s (3h). This comparison is reported for the small- and
medium-scale instances, where Gurobi is able to identify feasible incumbents and valid lower
bounds. To ensure a fair comparison of search effort, TS-AGA is run under a set of adaptive
stopping criteria: the maximum number of function evaluations (NFE) is capped at 500,
and the algorithm monitors search progress over a rolling window of the most recent 500
evaluations. The search terminates when the relative improvement in the best objective value
within this window falls below 1%, which prevents excessive computation once convergence
is detected.

To further assess the effectiveness of the proposed search strategy, the TS-AGA is com-
pared with a TS-SA algorithm across all 24 test instances. The TS-SA is developed by
extending the conventional simulated annealing (SA) algorithm with the same two-stage
optimization framework adopted by TS-AGA, in which the first stage determines the fleet
composition and the second stage optimizes the truck scheduling decisions. This ensures that
both algorithms operate under an identical problem decomposition, allowing differences in
performance to be attributed solely to their search mechanisms. The comparison is particu-
larly important for medium- and large-scale instances, where Gurobi is unable to obtain a
feasible solution (incumbent) for the MILP model within the prescribed time limit and can
only provide a lower bound (LB).

Furthermore, both TS-AGA and TS-SA employ the same maximum NFE and relative
improvement threshold as their stopping criteria. Unlike TS-SA, which is a single-solution
local search algorithm that evaluates one candidate solution per iteration, TS-AGA is a
population-basedmetaheuristic that evaluatesmultiple candidate solutions in each generation
through crossover and mutation operators. Therefore, using NFE as the primary stopping cri-
terion provides both algorithms with an identical computational budget in terms of objective
function evaluations, enabling a fair and unbiased comparison of their search performance.

The TS-AGA and TS-SA algorithms were implemented in MATLAB R2024a, while the
MILP model was implemented in Python and solved using Gurobi 13.0.1. All computational
experiments were performed on a personal computer equippedwith an Intel Core i5 processor
running at 3.10 GHz and 16 GB of RAM.

5.3.2 Computational results and discussion on small- andmedium-scale instances

Table 5 presents a summary of the computational results obtained by the TS-AGA and the
exact MILP method solved using Gurobi for the small- and medium-scale test problems (P1-
P16). The first column indicates the scale of the test instances, while the second column lists
the individual instances. The third to sixth columns report the Gurobi results, including the
best feasible objective value (incumbent), LB, computational time, andMILP optimality gap,
respectively. Columns 7–10 present the TS-AGA results, including the best-found feasible
solution, the mean objective value over five independent runs, the coefficient of variation
(CV), calculated as the standard deviation divided by the mean objective value, and the
average computational time, respectively. The final two columns report the relative deviations
of the TS-AGA best solution from the Gurobi incumbent and lower bound, respectively, as
defined in the footnote.

For the small-scale instances, Gurobi was unable to obtain the optimal solution within the
prescribed time limit for all instances, resulting in optimality gaps ranging from 0.06%
to 5.39%. In contrast, TS-AGA demonstrated strong performance across all small-scale
instances (P1-P8), outperforming Gurobi’s best feasible solution in half of the instances
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(P3, P4, P5, and P7). Furthermore, the TS-AGA best solutions remained within 2.55% of the
Gurobi lower bound for all instances.

For the medium-scale test instances, Gurobi was able to find feasible solutions only for
the first three instances (P9-P11), achieving optimality gaps ranging from 0.70% to 1.45%
within the three-hour time limit. In contrast, TS-AGAproduced comparable or better solutions
for these instances within 403s when compared with Gurobi’s best feasible solutions. For
the remaining instances (P12-P16), Gurobi was only able to provide lower bounds within
the imposed time limit, whereas TS-AGA successfully obtained feasible solutions for all
instances within 958s. Moreover, the relative deviation of the TS-AGA best solutions from
the corresponding lower bounds remained below 1.77%. As indicated by the CV (%) values,
TS-AGAdemonstrates robust and consistent performance across all small- andmedium-scale
test instances, with the coefficient of variation remaining below 1% in every case.

The proposed TS-AGA is compared with TS-SA on both small- and medium-scale test
instances, and the computational results are summarized in Table 6. The first and second
columns indicate the instance scale and test instances, respectively, while columns 3-7 and
8-12 present the results of TS-AGA and TS-SA, respectively, including the best-found solu-
tion, the mean objective value over five independent runs, standard deviation (SD), average
computational time, and CV. The final column reports the percentage improvement of the
TS-AGA best-found solution over the TS-SA best-found solution.

Comparing the results for the small-scale instances shows that both algorithms perform
well in solving all P1-P8 instances in terms of solution quality and computational efficiency,
benefiting from the common two-stage problem decomposition into fleet composition opti-
mization and truck scheduling optimization. The best-found solutions obtained by TS-AGA
are consistently superior to those produced by TS-SA, except for the first instance (P1). The
values in the last column indicate that, although TS-SA achieved a slightly better solution
for P1, TS-AGA outperformed TS-SA in the remaining seven instances, with improvements
ranging from 0.46% to 1.70%. Similarly, TS-AGA achieved lower average objective values
in seven of the eight test instances. In terms of computational time, however, TS-SAwas con-
sistently faster than TS-AGA across all small-scale instances. Both algorithms demonstrated
robust performance, with the CV remaining below 1% in every case. Nevertheless, TS-SA
exhibited lower CV values than TS-AGA in five of the eight instances, indicating slightly
greater solution consistency for these relatively small problems.

As the problem size increases to the medium-scale instances, TS-AGA consistently out-
performs TS-SA in terms of solution quality while requiring almost the same computational
time. Furthermore, TS-AGA demonstrates superior robustness, as evidenced by its lower
SD and CV across all medium-scale instances. This enhanced stability can be attributed to
its population-based search mechanism combined with adaptive operators, which provide a
better balance between exploration and exploitation of the search space. In contrast, TS-SA
exhibits noticeably greater variability in solution quality, as reflected by its higher SD and
CV values, indicating that its robustness deteriorates as the problem size increases.

5.3.3 Computational results and discussion on large-scale instances

Table 7 compares the performance of TS-AGA and TS-SA for large-scale test instances, with
theMILP lower boundprovided as a reference to evaluate solution quality. For these instances,
Gurobi failed to obtain feasible solutions within the prescribed time limit. In contrast, both
TS-AGA and TS-SA successfully obtained high-quality solutions, with average deviations
of 1.22% and 1.50%, respectively, from the MILP lower bound. Both algorithms completed
within approximately 15–35min per instance, exhibiting comparable computational times
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Fig. 4 Convergence comparison of TS-AGA and TS-SA for test instance P24

while consistently producinghigh-quality solutions.AcomparisonbetweenTS-AGAandTS-
SA shows that TS-AGA consistently outperformed TS-SA by achieving lower total system
costs across all large-scale instances (P17-P24), yielding an average cost reduction of 0.29%.
Furthermore, the solutions obtained by TS-AGA were more robust, as evidenced by their
lower SD and CV. This improved robustness can be attributed to the population-based search
strategy and adaptive mechanisms incorporated into TS-AGA.

Fig. 4 illustrates the convergence behaviour of TS-AGA and TS-SA for test instance P24,
presenting the best-found and average objective values obtained over five independent runs
of each algorithm. As observed, both algorithms achieve a substantial reduction in total cost
during the first stage, which evaluates different fleet-size combinations and identifies the
fleet configuration that minimizes the total system cost. For the best-found solutions, the first
stage of TS-SA determines a fleet consisting of 175 ICE trucks and 130 BE trucks, while
TS-AGA identifies a nearly identical configuration comprising 176 ICE trucks and 131 BE
trucks. Subsequently, both algorithms utilize their allocated NFE budgets in the second stage
to further improve solution quality based on the fleet configuration identified in the first stage.

It is important to note that the convergence curves in Fig. 4 combine the cost reductions
achieved in both stages to provide a comprehensive representation of the overall algorithm
performance. Therefore, the initial sharp decrease in total system cost shown in the figure
results primarily from the fleet-size optimization performed in the first stage, while the
subsequent improvements reflect the solution refinement process in the second stage.

Comparing the convergence behaviour of the two algorithms, TS-SA achieves a rapid cost
reduction during the initial iterations, but subsequent improvements are marginal, converging
to a best-found solution of £410,322 and an average solution value of £411,741. In contrast,
TS-AGA exhibits only modest improvement during the early iterations of the second stage;
however, after approximately 130 NFEs it continues to reduce the total cost and converges
at around 300 NFEs, achieving a best-found total system cost of £409,097 and an average
solution value of £409,838. This corresponds to an improvement of approximately 0.3% in
the total daily cost relative to TS-SA, as reported in Table 7.
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Although the improvement in daily cost may appear modest, such savings can accumu-
late to become significant over long-term continuous operations. It is important to note that
both algorithms are implemented within the same two-stage optimization framework, with
an identical fleet size determination procedure in the first stage. Therefore, this comparison
provides a fair assessment of the convergence characteristics and solution refinement capa-
bility of the proposed TS-AGA relative to TS-SA under the same problem decomposition.
The results indicate that the adaptive search mechanism of TS-AGA is effective in further
improving solution quality after the initial fleet size selection.

In the real-world case (P24), the best solution found by TS-AGA yields a total daily cost
of £409,097, comprising travel cost, truck operating cost, waiting and parking cost, queuing
CO2 emission cost, and chassis leasing and land rental cost. The proportion of each cost
component is illustrated in Fig. 5. As shown, truck travel cost accounts for the largest share of
total cost, amounting to £254,772 (approximately 62.3%). This finding underscores that route
optimization and distance reduction are the primary levers for reducing the cost of road-based
freight transport. For long-haul movements, decision makers could also consider alternative
freight transport modes that exploit economies of scale to achieve further cost reductions. The
driver-related operating costs (BEand ICEoperating costs combined) amount to £149,496.72,
representing approximately 36.5% of total cost, indicating that truck and labor management
constitute the second most important cost driver.

The remaining cost components, including queuing, parking, queue-related emissions,
and chassis leasing and land rental, together account for approximately 1.2% of total cost.
Although daily truck queuing and idling costs are minimized and represent only a small share
of the total, their cumulative impact over prolonged operations can be substantial. Savings
achieved through reducing queuing and idling can therefore be reinvested to improve overall
system performance. It is notable that, as discussed earlier in Section 4, the travel cost is
based on the total cost of truck ownership in £/km, which includes CO2 emissions released
during transportation but excludes driver-related costs.

From a practical perspective, this cost decomposition helps managers identify which cost
elements can be influenced by network design and dispatching decisions (travel distance
and time) versus those governed by contractual and regulatory constraints (wages, rental
agreements, and carbon price), and thus where optimization effort and policy interventions
should be prioritized.

Figures 6 and 7 depict the comparison between available and utilized truck capacity per
hour at the port and CRG, respectively, throughout the planning horizon of test instance P24.
The Fig. 6 shows that, in the first hour, BE trucks operate close to the port’s hourly capacity
when loading container and dispatching it to the CRG. During the second and third hours,
some capacity remains unused because other trucks are scheduled to load/unload and move
to or from the CRG at the start of the planning horizon. From the fourth hour onward, truck
flows follow a smoother pattern, mostly ranging from approximately 40 to 60 trucks per
hour, while port capacity fluctuates between roughly 40 and 80 trucks per hour. This gap
indicates that capacity constraints are respected and gate congestion is avoided throughout
the horizon; extending the planning horizon would likely preserve this balanced pattern of
flows between the port and the CRG, indicating that the proposed planning approach enables
high utilization without overloading the gate, thereby reducing queuing, improving service
reliability, and avoiding the need for short-term capacity expansions or overtime staffing at
the port.

A similar observation holds for the CRG in Fig. 7, where during the first hour only a small
fraction of the CRG’s capacity is used, as a limited number of trucks arrive from the port
and inland terminals to decouple their chassis. From the second hour onward, coupling and
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Fig. 5 Breakdown of daily cost components for the best TS-AGA solution to test instance P24

Fig. 6 Hourly port capacity and trucks served for test instance P24

decoupling operations proceed more steadily across the planning horizon, with trucks served
remaining consistently below the available gate capacity, thereby maintaining adherence to
the CRG’s capacity limits. For operators, this implies that the integrated dispatching and
fleet management policy produced by the model can be used to schedule truck arrivals within
realistic capacity envelopes at both ends of the corridor, supporting stable yard operations
and predictable turnaround times. Extending the planning horizon would likely preserve
this balanced pattern of flows between the port and the CRG, which is critical for long-
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Fig. 7 Hourly CRG capacity and trucks served for test instance P24

term coordination between the port authority, CRG operator, and haulage companies when
negotiating service levels and planning infrastructure investments.

The truck utilization metrics for the last test instance are illustrated in Fig. 8, which
compares the operating and idle/queue time proportions of ICE and BE trucks. ICE trucks
spend 93.1% of their time in operation and 6.9% in idle/queue states, whereas BE trucks
spend 88.7 and 11.3%, respectively, indicating slightly higher idle and queue times for the
BE fleet under the given scheduling scenario. This high fleet utilization rate highlights the
importance of joint scheduling and coordination among port-hinterland stakeholders. By
accounting for variations in port and CRG capacity, such coordination can minimize truck
non-operational time and reduce the associated costs.

Figure 9 presents the number of trucks in the queue at both the port and the CRG over
10-minute intervals. At the port (blue line), a substantial queue forms at the very beginning of
the planning horizon, with more than 90 trucks waiting, but it quickly dissipates and remains
negligible for most subsequent intervals. At the CRG (orange line), a large queue builds
up shortly after operations start, reaching more than 120 trucks at its peak before gradually
declining. Beyond this initial transient, CRG queue lengths fluctuate at much lower levels,
with occasional peaks below about 40 trucks and many intervals with no waiting trucks at all.
Overall, the trajectories indicate that queuing is concentrated in a short initial period, while
for the majority of the horizon both port and CRG queues are small or zero.

As illustrated, the proposed joint scheduling approach can absorb the initial surge in truck
arrivals and subsequently stabilize operations without persistent congestion. The consistently
low queue levels thereafter suggest that, with an extended planning horizon, continuous
gate-capacity expansion may not be necessary. This finding provides reassurance to port and
CRG operators that coordinated, optimized schedules can keep truck turnaround times under
control and maintain reliable service throughout operations.
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Fig. 8 Comparison of ICE and BE truck utilization profiles based on operating and idle/queue periods for test
instance P24

Fig. 9 Port and CRG queue length profiles for test instance P24

5.4 Stakeholder collaboration analysis

This section evaluates the impact of a collaborative scheduling strategy by comparing it
with a non-collaborative baseline scenario. In the baseline case, ICE trucks arrive at the
CRG according to hourly patterns similar to those observed at the port, without information
sharing between the port authority, CRG operator, and trucking companies. In contrast, the
collaborative scenario assumes that stakeholders share operational information and follow
the optimized schedules generated by the proposed framework.

Figure 10 illustrates the average hourly ICE truck arrival rate at the port over one week in
October 2024. The detailed breakdown of system costs under the collaborative scheduling
strategy, compared with the non-collaborative baseline scenario, is presented in Table 8. As
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Fig. 10 Average weekly truck arrivals at the port in October 2024

shown in Table 8 and Fig. 11, the collaborative scheduling strategy reduces the total system
cost by approximately 13.6% compared with the non-collaborative baseline.

For a terminal operating at the scale of Instance P24, this translates into a daily saving
of about £64,000, which can accumulate to several million pounds over a typical year of
operations and can be reinvested in overall port-hinterland system improvements. This cost
reduction is driven by synchronizing long-haul ICE truck arrivals with short-haul battery-
electric truck operations and better aligning truck movements with the available handling
capacities at the port and CRG, thereby smoothing demand at the gates and reducing non-
productive time. The percentage changes reported in Fig. 11 are calculated using the following
expression:

Percentage change = Cost componentcollaboration − Cost componentnon-collaboration
Cost componentnon-collaboration

× 100.

(51)
where negative values indicate cost reductions achieved by the collaborative scheduling
strategy, whereas positive values indicate cost increases compared with the non-collaborative
scenario.

The analysis of the cost components shows that the collaborative scheduling strategy
substantially reduces ICE truck idle time at the CRG, resulting in an approximately 94%
reduction in the associated costs. Consequently, long-haul trucks spend significantly less
time waiting in queues or parked idle, improving fleet utilization and enabling hauliers to
complete more trips with the same fleet. Synchronizing truck movements with available
system capacity also decreases BE truck idle parking costs by 69.2%. Furthermore, the
improved scheduling strategy reduces the number of chassis required in the system, leading
to reductions of 44.5% in both chassis leasing and land rental costs; this demonstrates how
better coordination can defer or avoid capital-intensive investments in CRG equipment and
space.

The CRG queuing cost and the CO2 emission cost associated with truck queuing are also
reduced by 31.5 and 28.2%, respectively, highlighting that collaboration not only lowers
operating expenditure but also supports environmental and sustainability targets by cutting
unnecessary emissions from queued trucks. In contrast, the port queuing cost for BE trucks
increases from £39.03 to £113.85, representing an absolute increase of £74.82; however, its
contribution to the overall system cost remains negligible and can be interpreted as a minor
side-effect of prioritizing the reduction of ICE queuing at the CRG. The largest cost saving
is achieved in ICE truck operating costs, which decrease by approximately £53,565 (38.5%)
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Table 8 Cost comparison between the collaborative and non-collaborative approaches for the real-world case
study (Instance P24)

No collaboration (baseline) Collaboration approach
Cost component Cost (£) Cost (£)

Travel cost 254,772.00 254,772.00

ICE operating cost 139,270.56 85,704.96

BE operating cost 65,118.82 63,791.76

CRG queuing cost 907.59 621.98

Port queuing cost 39.03 113.85

ICE idle parking cost 6,207.45 380.00

BE idle parking cost 1,071.98 330.28

Queuing CO2 emissions cost 27.62 19.82

Chassis leasing and land rental cost 6,052.71 3,362.03

Total system cost 473,467.77 409,096.69

Fig. 11 Tornado plot of collaboration impacts on cost components (excluding port queuing cost)

under the collaborative scheduling strategy, while BE truck operating costs are also reduced
by 2%. Overall, these results provide clear evidence that information sharing and coordinated
scheduling between the port, CRG, and haulage operators can deliver substantial economic
and environmental benefits, and theyoffer a quantitative basis for designing incentive schemes
or contractual arrangements that encourage stakeholders to adopt collaborative planning
practices.

5.5 Sensitivity analysis on traveling time

The travel time of long-haul ICE trucks can fluctuate due to factors such as traffic conditions
and weather disruptions. To investigate the impact of this variability, it is assumed that the
travel time between inland terminals and the CRG (τi, j ) is subject to random disturbances.
In each scenario, the uncertain travel times (τ̃i, j ) are sampled from a uniform distribution
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within a predefined range, reflecting realistic variations derived from Google Maps. Since
the baseline travel times used in the model (as described previously) represent free-flow
conditions, the uncertainty ranges are defined to capture potential congestion-related delays.

This sensitivity analysis is conducted using the real-world case study P24 to evaluate
the robustness and performance of the proposed TS-AGA. The best solutions obtained from
five independent runs are presented in Table 9. It is noteworthy that, although travel time
increases, the travel distance (tdi, j ) remains unchanged. Because travel cost is calculated on
the basis of distance rather than time, this cost component is unaffected, as shown in Table 9.
However, the increase in travel time is reflected in the operating costs. Fig. 12 illustrates
the results for the baseline and three sensitivity scenarios; travel cost is excluded for clarity
because it remains identical across the baseline and all sensitivity scenarios.

Overall, congestion-related delays experienced by long-haul ICE trucks result in an
increase in the total system cost, as shown in Table 9, compared with the baseline. The
total cost under the three scenarios increases proportionally with the level of travel-time
uncertainty, by approximately 1.3%, 2.7%, and 3.7%, respectively. From Fig. 12, it can be
observed that longer travel times for long-haul ICE trucks raise their operating costs, primar-
ily because a larger ICE fleet is required to satisfy demand. In contrast, the BE truck operating
cost exhibits a slight overall reduction under the first and second scenarios, followed by an
increase under the third scenario due to the additional BE trucks required. Specifically, the
ICE fleet sizes for the baseline and the three sensitivity scenarios are 176, 187, 200, and 200
trucks, respectively, whereas the corresponding BE fleet sizes are 131, 130, 127, and 136
trucks, respectively. These figures show that, as congestion worsens, the system responds by
deploying more ICE trucks and adjusting the BE fleet, which in turn reshapes queuing and
idle-time patterns at the CRG and port.

Under Scenario 1, congestion-related delays modestly increase ICE travel times, but the
system absorbs these disruptions by adding ICE capacity and slightly reducing the BE fleet.
Although the ICE truck queuing cost at the CRG decreases by 19% compared with the
baseline, the ICE truck idle parking cost at theCRG increases substantially (by approximately
31%). This increase is mainly attributed to the larger ICE truck fleet required, which results in
more ICE trucks waiting for container exchange with BE trucks, whose fleet size is reduced
for short-haul operations. In contrast, the queuing costs of BE trucks at the port and CRG
increase slightly by 10% and 3%, respectively, while their idle parking cost decreases by
approximately 9%, indicating better utilization of the remaining BE fleet. The CO2 emission
cost associated with queuing ICE trucks at the CRG decreases, whereas the corresponding
cost forBE trucks increasesmarginally due to longer queue duration. Furthermore, the chassis
leasing cost increases by 3%, mainly due to the longer travel time of ICE trucks. The land
rental cost for chassis accommodation at the CRG also increases by 21% compared with
the baseline, reflecting the additional space requirements associated with the extended gate
operation. Finally, the system incurs an additional £300 penalty cost due to late container
deliveries beyond the planning horizon.

Under Scenario 2, increased congestion-related delays for long-haul ICE trucks necessitate
the deployment of a larger ICE fleet, resulting in an approximately 14% increase in ICE truck
operating costs. Consequently, the costs associated with ICE truck queuing, idle parking, and
CO2 emissions increase significantly by 64%, 77%, and 64%, respectively. Conversely, BE
truck operating costs decrease due to the reduced fleet size, and their queuing cost at the CRG
decreases by 29%. However, the BE truck queuing cost at the port increases by a similar
percentage, resulting in only a marginal change in the associated queuing CO2 emission
cost. The idle parking cost of BE trucks decreases substantially (by 34%), primarily due to
the smaller fleet size and the resulting higher utilization of BE trucks in port-CRG shuttle
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Fig. 12 Illustration of the sensitivity analysis on traveling time of long-haul ICE trucks

operations. Conversely, the chassis leasing cost increases by 7%, mainly due to the longer
travel time of ICE trucks. Furthermore, the land rental cost increases by 21%, and late
deliveries beyond the planning horizon incur an additional cost of £633.33 to the logistics
system.

Under the worst-case scenario, the required ICE truck fleet size remains the same as in
Scenario 2 (200 vehicles), representing an increase of 24 trucks compared with the baseline.
In contrast, the BE truck fleet size increases to 136 vehicles. Consequently, the operating
costs of the ICE and BE fleets increase by approximately 14% and 4%, respectively, relative
to the baseline. The larger BE fleet reduces the waiting time of ICE trucks at the CRG for
chassis exchange, thereby lowering the associated idle parking cost. However, it increases
the idle parking cost of BE trucks. The queuing cost of ICE trucks at the CRG decreases
by 4% compared with the baseline, leading to a corresponding reduction in CO2 emission
cost. Conversely, the queuing cost of BE trucks increases because they compete for limited
port and CRG resources, resulting in higher CO2 emission costs. Chassis hiring costs also
increase, primarily due to longer congestion-related delays for ICE trucks and the additional
land rental cost at the CRG. Finally, although the cost of late container delivery beyond
the planning horizon is £467, it is lower than in Scenario 2 because of the larger BE fleet
employed.

Overall, this sensitivity analysis shows how congestion on the road network propagates
into fleet sizing, utilization, and environmental performance at the CRG and port. Increasing
uncertainty in long-haul ICE arrival times forces operators to deploy more vehicles and
accept higher queuing, idle-time, and emission costs. However, even under the worst-case
scenario considered here, the total economic impact is limited to about 3.7% relative to the
baseline. This demonstrates that the proposed TS-AGA framework, when combined with
active collaboration and coordination among logistics stakeholders, is robust to plausible
levels of congestion and can contain the resulting negative externalities within a relatively
narrow band of system-wide cost increases.

5.6 Managerial insights

The computational results provide actionable implications for port authorities, CRG opera-
tors, trucking companies, and transport planners. The key insights are as follows:

(1) Establish collaborative scheduling and information-sharing arrangements: The compar-
ison between the collaborative and non-collaborative scenarios shows that coordinated
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scheduling reduces total system cost by 13.6% in the real-world instance. This reduction
is achieved by synchronizing long-haul ICE truck arrivals with short-haul BE truck oper-
ations and aligning truck movements with the time-varying capacities of the port and
CRG. Therefore, port authorities, CRG operators, and hauliers should establish mecha-
nisms for sharing expected truck arrival times, gate capacities, container availability, and
operational disruptions. In practice, this coordination could be supported through shared
digital platforms, advance appointment systems, and jointly agreed operating schedules.

(2) Use differentiated fleet roles rather than a one-size-fits-all fleet strategy: The results sup-
port a complementary deployment strategy in which BE trucks are assigned primarily
to short-distance shuttle operations between the port and CRG, while ICE trucks under-
take longer hinterland movements. This allocation exploits the operational suitability
of BE trucks for predictable, repetitive short-haul trips while retaining ICE trucks for
movements affected by longer distances and uncertain road travel times. For trucking
companies, the implication is that fleet electrification should be accompanied by careful
task allocation, rather than simply replacing ICE trucks with BE trucks on all routes.

(3) Prioritize the reduction of travel and operating costs: According to the results travel
cost is the largest component of total system cost, accounting for approximately 62.3%
in Instance P24, while combined ICE and BE operating costs represent a further
36.5%.Managers should therefore prioritizemeasures that reduce unnecessary travel dis-
tance and improve vehicle productivity, such as route optimization, backhaul matching,
improved dispatching, and reduced empty movements. In addition, where technically
feasible and permitted by regulation, autonomous truck-platooning technology could
help reduce driver-related operating costs. Under such a configuration, a lead truck is
operated by a driver, while following trucks travel in a coordinated formation and may
require fewer onboard drivers, depending on the applicable automation level and regula-
tory framework (Lee et al., 2024; Slowik and Sharpe, 2018; Xue et al., 2026). Although
queuing and parking costs constitute a comparatively small proportion of daily total
cost, reducing them remains important because their cumulative cost, associated emis-
sions, and adverse effects on service reliability can become substantial over prolonged
operations.

(4) Coordinate fleet sizing with chassis and yard-capacity decisions: The results show that
collaborative planning reduces chassis leasing and land rental costs by 44.5%, demon-
strating that fleet scheduling decisions directly affect equipment and space requirements.
Operators should therefore determine truck fleet size, chassis availability, and CRG
storage capacity jointly rather than independently. This integrated approach can reduce
unnecessary chassis inventories and defer costly investments in additional storage space
or parking areas.

(5) Incorporate travel-time uncertainty into operational planning: The sensitivity analysis
indicates that longer and more uncertain ICE truck travel times increase total system
cost by 1.3–3.7%, mainly through higher ICE fleet requirements, operating costs, chassis
requirements, and late-delivery penalties. Managers should consequently incorporate
road-congestion information, predicted travel times, and contingency capacity into daily
planning. The results also indicate that increasing the BE fleet can partly compensate
for severe ICE travel disruptions, although this may increase BE idle time and operating
costs; hence, contingency fleet decisions should balance resilience against resource costs.

(6) Support decarbonization through electrified short-haul operations: Deploying BE trucks
for repetitive short-haulmovements between the port andCRGcan reduce local emissions
and support port-city decarbonization objectives. The results show that coordination can
reduce queuing-related CO2 emission costs by reducing unnecessary truck waiting time.
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(7) Plan infrastructure and operational resources jointly: Effective planning of port and CRG
resources, including gate-handling capacity, chassis availability, land requirements, and
parking space, is essential for efficient system operation. The results demonstrate that
time-varying capacities at both facilities should be explicitly considered when develop-
ing truck schedules, as ignoring such variation can shift congestion from one facility to
another. Joint planning of these resources with fleet deployment and appointment sched-
ules can reduce queuing, avoid unnecessary chassis and land-rental costs, and improve
the reliability of port-hinterland operations.

(8) Use the proposed framework as a rolling-horizon decision-support tool: The TS-AGA
framework can support operational decisions on truck assignment, departure timing,
fleet sizing, and capacity utilization for large-scale port-hinterland systems. Rather than
being used solely for long-term planning, the framework could be applied in a rolling-
horizon setting in which schedules are periodically updated as new information on traffic
conditions, port and CRG capacities, and truck arrivals becomes available. This would
enable stakeholders to respond proactively to disruptions while maintaining coordination
across the port-CRG-hinterland network.

6 Conclusion

Growing port throughput and long-haul truck movements have intensified congestion and
environmental challenges in port-hinterland systems, particularly within port cities. This
study develops a sustainability-aware optimization framework for CRG-BET-based port-
hinterland truck scheduling, addressing an important gap in existing research. AMILPmodel
coupled with a customized evolutionary algorithm, TS-AGA, is developed to optimize coor-
dinated ICE and BE truck operations while considering time-varying resource availability
and operational constraints. The main findings are summarized as follows:

(1) Coordinated scheduling of ICE and BE trucks improves the synchronization between
long-haul and short-haul operations by aligning truck movements with available port
and CRG capacities, thereby reducing congestion, waiting times, and idle times while
enhancing fleet utilization and overall system efficiency.

(2) The proposed framework reduces total logistics system costs, including transportation,
waiting, idling, infrastructure-related, and emission costs, while improving the utilization
of available port and CRG resources.

(3) Sensitivity analysis demonstrates the robustness of the proposed scheduling framework
under long-haul travel-time uncertainty and highlights the need for resilient scheduling
strategies under variable operating conditions.

(4) The integration of CRG and BE truck operations, supported by optimized scheduling
decisions, provides a practical and scalable approach for improving port-hinterland con-
nectivity, particularly in road-dominated freight networks.

Overall, this study provides actionable insights for port authorities, logistics operators, and
policymakers regarding the planning andoperation ofCRG-based logistics systems supported
by BE truck operations. The proposed framework can contribute to reducing congestion,
lowering emissions, and improving the efficiency of port-city freight transport.

Although this study incorporates key operational factors relevant to the implementation of
the CRG-BET-based port-hinterland truck scheduling, several limitations remain. First, truck
repositioning decisions at inland terminals are not considered, as the current research focuses
on coordination between long-haul ICE and short-haul BE truck operationswithin port, CRG,
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and inland terminals. Incorporating repositioning strategies and associated operational costs
would significantly increase the complexity of the optimization problem and represents an
important direction for future research. Second, theCO2 emission parameter used in this study
is based on a single grid-mix emission factor. In practice, electricity generation sources vary
throughout the day, resulting in time-dependent emission intensities. Furthermore, ICE and
BE trucks are assumed to be homogeneous within their respective fleets, with identical oper-
ational characteristics and energy consumption rates for each operating state, while travel
speeds are assumed to be constant. Future research could incorporate dynamic electricity
emission factors and heterogeneous truck fleets to improve the realism of the model. Finally,
although the proposed TS-AGA achieves high-quality solutions for small- to large-scale
real-world cases, there remains scope for further improving its computational efficiency and
scalability. Future research may explore alternative solution strategies, including advanced
metaheuristic frameworks, hybrid optimization approaches, and problem-specific decompo-
sition techniques tailored to the temporal coupling characteristics of the port-hinterland truck
scheduling problem.
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